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Abstract

The development of large coverage, rich unification- (constraint-) based
grammar resources is very time consuming, expensive and requires lots of
linguistic expertise. In this paper we report initial results on a new methodol-
ogy that attempts to partially automate the development of substantial parts of
large coverage, rich unification- (constraint-) based grammar resources. The
method is based on a treebank resource (in our case Penn-II) and an automatic
f-structure annotation algorithm that annotates treebank trees with proto-f-
structure information. Based on these, we present two parsing architectures:
in our pipeline architecture we first extract a PCFG from the treebank follow-
ing the method of [Charniak, 1993; Charniak, 1996], use the PCFG to parse
new text, automatically annotate the resulting trees with our f-structure an-
notation algorithm and generate proto-f-structures. By contrast, in the inte-
grated architecture we first automatically annotate the treebank trees with f-
structure information and then extract an annotated PCFG (A-PCFG) from
the treebank. We then use the A-PCFG to parse new text to generate proto-f-
structures. Currently our best parsers achieve more than 81% f-score on the
2400 trees in section 23 of the Penn-II treebank and more than 60% f-score on
gold-standard proto-f-structures for 105 randomly selected trees from section
23.

1 Introduction

The development of large coverage, rich unification- (constraint-) based grammar
resources is very time consuming, expensive and requires considerable linguistic
expertise [Butt et al, 1999; Riezler et al, 2002].

In this paper we report initial results on a new methodology that attempts to
partially automate the development of substantial parts of large coverage, rich
unification- (constraint-) based grammar resources.

A large number of researchers (cf. [Charniak, 1996; Collins, 1999; Hocken-
maier and Steedman, 2002]) have developed parsing systems based on the Penn-II
[Marcus et al, 1994] treebank resource but to the best of our knowledge, to date,
none of them have attempted to semi-automatically derive large coverage, rich uni-
fication (constraint) grammar resources.

Our method is based on the Penn-II treebank resource and an automatic Lexical-
Functional Grammar [Kaplan and Bresnan, 1982; Bresnan, 2001; Dalrymple, 2001]
f-structure annotation algorithm that annotates treebank trees with proto-f-structure
information.

Based on these, we present two parsing architectures: in our pipeline architec-
ture we first extract a PCFG from the treebank following the method of [Charniak,
1993; Charniak, 1996], use the PCFG to parse new text, automatically annotate



the resulting trees with our f-structure annotation algorithm and generate proto-f-
structures. By contrast, in the integrated architecture we first automatically anno-
tate the treebank trees with f-structure information and then extract an annotated
PCFG (A-PCFG) from the treebank. We then use the A-PCFG to parse new text to
generate proto-f-structures.

The paper is structured as follows: first, we briefly describe the automatic f-
structure annotation algorithm and proto-f-structure representations. Second, we
introduce our two parsing architectures: the pipeline model and the integrated
model. Third, we evaluate our approaches quantitatively and qualitatively in terms
of f-structure fragmentation and precision and recall results against trees and man-
ually encoded gold standard f-structures. We also compare our results with a PCFG
resulting from a parent transformation as discussed in [Johnson, 1999] and we con-
duct a number of thresholding grammar compaction experiments [Krotov et al,
1998]. We briefly compare our approach with that of [Riezler et al, 2002]. Fourth,
we outline further work on “proper” (rather than “proto-”) f-structures and finally,
we summarise and conclude.

2 An Automatic F-Structure Annotation Algorithm

In this section we describe our automatic f-structure annotation algorithm by means
of an example. Consider the following Penn-II treebank tree:

(S (NP-SBJ (DT The)
(NN investment)
(NN community))

(, ,)
(PP (IN for)

(NP (CD one)))
(, ,)
(VP (VBZ has)

(VP (VBN been)
(VP (VBG anticipating)

(NP (DT a)
(JJ speedy)
(NN resolution)))))

(. .))

In LFG this tree would be associated with an f-structure of the following form
representing abstract syntactic information approximating to predicate-argument-
modifier (or: rich dependency-) structure:1

1Note that our f-structures are more hierarchical with XCOMP functions for temporal and aspec-
tual auxiliaries than e.g. the f-structures given in [Butt et al, 1999]. The repetition of the subject NP



subj : spec : det : pred : the
headmod : 1 : num : sg

pers : 3
pred : investment

num : sg
pers : 3
pred : community

adjunct : 1 : obj : pred : one
pred : for

xcomp : subj : spec : det : pred : the
headmod : 1 : num : sg

pers : 3
pred : investment

num : sg
pers : 3
pred : community

xcomp : subj : spec : det : pred : the
headmod : 1 : num : sg

pers : 3
pred : investment

num : sg
pers : 3
pred : community

obj : spec : det : pred : a
adjunct : 2 : pred : speedy
pred : resolution
num : sg
pers : 3

participle : pres
pred : anticipate

pred : be
tense : past

pred : have
tense : pres

F-structures are associated with strings and their parse trees (c-structures) in
terms of annotating nodes in parse trees (and hence the corresponding CFG rules)
with f-structure annotations (in simple cases, attribute value structure equations;
more generally, expressions in a full equality logic including disjunction, negation
etc. [Johnson, 1988]). The f-structure in our example would be induced by the fol-
lowing annotated CFG rules

is due to a reentrancy ( SUBJ = XCOMP SUBJ) annotation in the VP rule.



S NP-SBJ PP VP
subj= adjn =

NP-SBJ DT NN NN
spec= headmod =

PP IN NP
= obj=

NP CD
=

VP VBZ VP
= xcomp=

subj= subj

VP VBN VP
= xcomp=

subj= subj

VP VBG NP
= obj=

NP DT JJ NN
spec= adjn =

together with equations resulting from lexical entries.
The question is how can we construct such an LFG grammar? Traditionally,

LFG (and HPSG [Pollard and Sag, 1994]) grammatical resources have been con-
structed manually. For large coverage and rich grammars that scale to the Penn-II
treebank data (about 1 million words of WSJ text) [Butt et al, 1999; Riezler et al,
2002], this can easily accumulate to a person decade.

Is there any way of (at least partially) automating the construction of large
coverage, rich, unification-based grammatical resources? From the large litera-
ture on probabilistic parsing it is clear that given a treebank we can easily extract
a probabilistic CFG (following the method of [Charniak, 1993; Charniak, 1996].
Indeed, such grammars are at the heart of many probabilistic parsing approaches
such as [Charniak, 1993; Charniak, 1996; Collins, 1999; Hockenmaier and Steed-
man, 2002], to mention but a few. However, to the best of our knowledge, to date,
there have been no attempts at semi-automatically deriving large coverage, rich
unification- (constraint-) based grammar resources.

In order to obtain a unification grammar, we need the functional annotations (the
f-structure constraints) in addition to the CFG rules. Of course, theoretically, we



could annotate the CFG rules extracted from a treebank manually. For the Penn-II
treebank, however, we would be required to manually annotate more than 19,000
extracted rule types resulting in at least 2 person years of annotation work (on a
very conservative estimate with 10 minutes annotation time for each rule type and
no time budgeted for testing, comparison, improvement and verification cycles).

2.1 Previous Work

A number of researchers have addressed automatic functional structure identifica-
tion or annotation in CFG trees or, alternatively, direct transformation of trees into
functional structures.

To date, we can distinguish three different types of automatic f-structure anno-
tation architectures:2

annotation algorithms,

regular expression based annotation,

flat, set-based tree description rewriting.

All approaches are based on exploiting categorial and configurational informa-
tion encoded in trees. Some also exploit the Penn-II functional annotations.3

Annotation algorithms come in one of two forms. They may

directly (recursively) transduce a treebank tree into an f-structure – such an al-
gorithm would more appropriately be referred to as a tree to f-structure trans-
duction algorithm;

indirectly (recursively) annotate CFG treebank trees with f-structure annota-
tions from which an f-structure can be computed by a constraint solver.

As was recently pointed out to us by Shalom Lappin (p.c.), the earliest approach
to automatically identify SUBJ, OBJ etc. nodes in CFG trees structures is probably
[Lappin et al, 1989]. Their algorithm identifies nodes in CFG trees (output of the
PET parser) corresponding to grammatical functions to facilitate the statement of

2These have all been developed within an LFG framework and although we refer to them as auto-
matic f-structure annotation architectures, they could equally well be used to annotate treebanks with
e.g. HPSG typed feature-structures [Pollard and Sag, 1994] or Quasi-Logical Form (QLF) [Liakata
and Pulman, 2002] annotations.

3Note that apart from SBJ and LGS, functional annotations or tags in the Penn-II treebank do not
provide LFG type predicate-argument style annotations but semantically classify e.g. modifying PP
constituents as TMP (temporal), LOC (locative) etc. modifiers.



transfer rules in a machine translation project. It does not construct f-structures (or
other attribute-value structures) although it could easily form the basis of such an
algorithm for trees generated by the PET parser.

The first direct automatic f-structure annotation algorithm we are aware of is
unpublished work by Ron Kaplan (p.c.) from 1996. Kaplan worked on automati-
cally generating f-structures from the ATIS corpus to generate data for LFG-DOP
applications. The approach implements a direct tree to f-structure transduction al-
gorithm, which walks through the tree looking for different configurations (e.g. NP
under S, 2nd NP under VP, etc.) and “folds” or “bends” the tree into the correspond-
ing f-structure.

A regular expression-based, indirect automatic f-structure annotation method-
ology is described in [Sadler et al, 2000]. The idea is simple: first, the CFG rule set
is extracted from the treebank (fragment); second, regular-expression based anno-
tation principles are defined; third, the principles are automatically applied to the
rule set to generate an annotated rule set; fourth, the annotated rules are automati-
cally matched against the original treebank trees and thereby f-structures are gen-
erated for these trees. Since the annotation principles factor out linguistic gener-
alisations, their number is much smaller than the number of CFG treebank rules.
In fact, the regular expression-based f-structure annotation principles constitute a
principle-based LFG c-structure/f-structure interface.

In a companion paper, [Frank, 2000] develops an automatic annotation method
that in many ways is a generalisation of the regular expression-based annotation
method. The idea is again simple: trees are translated into a flat set representa-
tion format in a tree description language and annotation principles are defined in
terms of rules employing a rewriting system originally developed for transfer-based
machine translation architectures. In contrast to [Sadler et al, 2000] which applies
only to “local” CFG rule contexts, [Frank, 2000] can consider arbitrary tree frag-
ments. Secondly, it can be used to define both order-dependent cascaded and order-
independent annotation systems. [Liakata and Pulman, 2002] have recently devel-
oped a similar approach to map Penn-II trees to QLFs.

The approaches detailed in [Sadler et al, 2000; Frank, 2000] and compared in
[Frank et al, 2002] are proof-of concept and operate on small subsets of the AP and
Susanne corpora.4

2.2 A New Automatic Annotation Algorithm

In our more recent research [Cahill et al, 2002a; Cahill et al, 2002b], we have devel-
oped an algorithmic indirect annotation method for the 49.000 parse annotated

4This is not to say that these approaches cannot be scaled to a complete treebank!



strings in the WSJ section of the Penn-II treebank.
The algorithm is implemented as a recursive procedure (in Java) which anno-

tates Penn-II treebank tree nodes with f-structure information. The annotations de-
scribe what we call “proto-f-structures”. Proto-f-structures

encode basic predicate-argument-modifier structures;

interpret constituents locally (i.e. do not resolve long-distance dependencies
or “movement” phenomena encoded as traces in the Penn-II trees);

may be partial or unconnected (the method is robust: in case of missing an-
notations a sentence may be associated with two or more unconnected f-
structure fragments rather than a single complete f-structure).

Even though the method is encoded in the form of an annotation algorithm, we
did not want to completely hardwire the linguistic basis for the annotation into the
procedure. In order to support maintainability and reusability of the annotation al-
gorithm and the linguistic information encoded within, the algorithm is designed in
terms of three main components thatare applied in sequence:

L/R Context APs Coordination APs Catch-All APs

L/R Context Annotation Principles are based on a tripartition of the daughters
of each local tree (of depth one, i.e. of CFG rules) into a prefix, head and suffix
sequence. We automatically transform the Penn-II trees into head-lexicalised trees
by adapting the rules of [Magerman, 1994; Collins, 1999]. For each LHS in the
Penn-II CFG rule types we construct an annotation matrix. The matrix encodes in-
formation on how to annotate CFG node types in the left (prefix) and right (suffix)
context. Table 1 gives a simplified matrix for NP rules.

NP left context head right context

subcat DT,CD: spec= NN,NNS,NP: = .. .
ADJP: adjn SBAR,VP: relmod=

non-sub NN,NNS,NP: headmod PP: adjn
. . . NN,NNS,NP: app=

Table 1: Simplified, partial annotation matrix for NP rules

For each LHS category, the annotation matrices are populated by analysing the
most frequent rules types such that the token occurrence of the rule types in the
corpus covers at least 85%. To give an example, this means that instead of looking



at 6,000 NP rule types in the Penn-II corpus, we only look at the 102 most frequent
ones to populate the NP annotation matrix.

To keep L/R context annotation principles simple and perspicuous, they only
apply if the local tree does not contain coordination. Like and unlike coordinate
structures are treated by the second component of our annotation algorithm, Finally,
the algorithm has a catch-all and clean-up component. Lexical information is sup-
plied via macros associated with each pre-terminal tag type.

The automatic annotation algorithm generates the following annotations. The
annotations are collected, sent to a constraint solver and the f-structure shown be-
fore is generated.

(S
(NP-SBJ[up-subj=down]

(DT[up-spec:det=down] The[up-pred=’the’])
(NN[down-elem=up:headmod]

investment[up-pred=’investment’,up-num=sg,up-
pers=3])

(NN[up=down]
community[up-pred=’community’,up-num=sg,up-

pers=3]))
(, ,)
(PP[down-elem=up:adjunct]

(IN[up=down] for[up-pred=’for’])
(NP[up-obj=down]

(CD[up=down] one[up-pred=’one’])))
(, ,)
(VP[up=down]

(VBZ[up=down]
has[up-pred=’have’,up-tense=pres])

(VP[up-xcomp=down,up-subj=down:subj]
(VBN[up=down] been[up-pred=’been’,up-tense=past])
(VP[up-xcomp=down,up-subj=down:subj]

(VBG[up=down]
anticipating[up-pred=’anticipate’,up-

participle=pres])
(NP[up-obj=down]

(DT[up-spec:det=down] a[up-pred=’a’])
(JJ[down-elem=up:adjunct] speedy[up-

pred=’speedy’])
(NN[up=down]

resolution[up-pred=’resolution’,up-
num=sg,up-pers=3])))))

(. .))




